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Abstract:
Accurate load models are critical for power system analysis and operation. A large amount of research work has
been done on load modeling. Most of the existing research focuses on developing load models, while little has
been done on developing formal load model verification and validation (V&V) methodologies or procedures.
Most of the existing load model validation is based on qualitative rather than quantitative analysis. In addition,
not all aspects of model V&V problem have been addressed by the existing approaches. To complement the
existing methods, this paper proposes a novel load model verification and validation framework that can sys-
tematically and more comprehensively examine load model’s effectiveness and accuracy. Statistical analysis,
instead of visual check, quantifies the load model’s accuracy, and provides a confidence level of the developed
load model for model users. The analysis results can also be used to calibrate load models. The proposed frame-
work can be used as a guidance to systematically examine load models for utility engineers and researchers.
The proposed method is demonstrated through analysis of field measurements collected from a utility system.
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1 Introduction
Computational simulation model of power system is the basis of power system study. Load modeling is criti-
cal for power system stability analysis and control [1–4]. Modeling loads, however, is a quite challenging task
due to load’s variability and uncertainty. A large amount of research work has been done on load modeling.
Measurement-based and component-based methods have been developed to build load models [5–8]. These
approaches mainly address two topics: load model structure determination and load model parameter esti-
mation. However, a critical issue, load model verification and validation, has attracted much less effort. Little
research has been done on load model validation, and formal validation methodologies or procedures have not
been developed and defined [9].
The objective of load model verification and validation is to ensure that the developed model can faith-
fully replicate the actual power system behavior. If the mismatch between simulation results and actual system
performance is significant, system operators may not know the true states of the system, and severe accidents
may occur, such as power system instability, outages, and at worst, cascading and wide-area blackout. Besides,
verification and validation is also meaningful for model calibration.
The way to implement model verification and validation is critical in determining validity and justification of
simulation models. Most of the existing model validation methods visually check the mismatch between actual
and simulated performance, and expresses validity in a qualitative way [10]. Simple graphical comparison
may reflect outward disagreement between simulation results and field measurements, but it provides little
quantitative representation of such mismatch. In addition, traditional methods make a simple binary pass/fail
decision based on a rigorous criterion, which is not favored from an engineer’s point of view. Model validity
should be considered in terms of degree rather than a binary decision [11]. Moreover, some aspects of model
verification and validation have not been covered by existing verification and validation approaches. In some
literatures, the term “verification” and “validation” are considered as equivalent, while they have significantly
different meanings.
In [12, 13], certain quantitative analysis is utilized in load model validation. In [14], quadratic errors be-
tween measured and simulated quantities are calculated, and the load models would be taken as valid if the
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quadratic errors are less than 5 %. The authors of [15] evaluate the developed model’s performance by calcu-
lating relative error, and accepts the model if the relative error is less than 5 %. Reference [10] develops a load
model validation method that quantifies the model’s accuracy and uncertainty using accuracy index. He etal.
proposes an approach to build composite load models via measurement-based approach [16]. The proposed
method includes testing on developed load model’s generalization capability, i.e. the model’s ability to fit the
newly collected measurements.
To complement existing methods, this paper proposes a framework for load model verification, validation,
and calibration. This framework aims to serve as a systematic guidance for researchers and utility engineers,
and covers some issues that have been inadequately studied. Statistical analysis indicating a certain level of
confidence is used instead of binary pass/fail decision. The load model’s generalization capability can be stud-
ied as well. Possible reasons leading to rejection of load model are discussed. The rest of the paper is organized
as follows. Section 2 describes the framework and critical concepts involved, such as load model, verification,
validation and calibration. Load model validation process based on statistical analysis is presented in Section
3. Model calibration is discussed in Section 4. A case study is presented in Section 5. Finally, the conclusion is
drawn in Section 6.
2 Framework description
A load model is a set of mathematical equations that represent the relationship between voltage and/or fre-
quency of a load and its real and reactive power consumption. Generally, voltage dependency is the main con-
cern, while frequency dependency is usually ignored for simplicity [5]. The output of a load model is the real
and reactive power consumed by the load with input being the voltage.
Load models can be built by using measurement-based approach or component-based approach.
Measurement-based approach regards a load model as a black box model, and determines load type and model
parameters based on field measurements. Component-based method identifies individual load models, and
aggregates them into a single load.
Accurate load models are critical for power system analysis, operation and control. In the past, a lot of
load models approximate loads as static models which neglect loads’ dynamic properties [6]. Given that the
dynamics characteristics of loads have a major impact on system stability, static load models are increasingly
considered as inadequate for dynamic studies. The existing load models need to be regularly verified and val-
idated.
The definitions of verification and validation were originally formalized by the Defense Modeling and Simu-
lation Office of the United States Department of Defense [17]. To make such concept clearer from the perspective
of physics and engineering communities, the Computational Fluid Dynamics Committee on Standards of the
American Institute of Aeronautics and Astronautics (AIAA) stated these concepts as follows [18]:
– Verification is the process of determining that a model implementation accurately represents the developer’s
conceptual description of the model and the solution to the model.
– Validation is the process of determining the degree to which a model is an accurate representation of the real
world from the perspective of the intended uses of the model.
In the context of load model, verification process should verify that the load model faithfully represents the
assumption of the load model. Therefore, the codes and parameters of load models should be checked to ensure
that the load type and parameters are set as assumed. For example, if a load model is assumed to be a ZIP load,
the model’s mathematical expressions of the constant impedance, constant current, and constant power load
should be checked. Not only the load composition, but also the portions and parameters for each type should
be true to the assumption. If the model is considered unacceptable, the reason why the model is rejected should
be identified, and corresponding modification should be made before proceeding to model validation.
Load model validation process validates that the assumption of model structure and model parameters are
representative of the actual system load. The simulated output of load models should be compared with the
measured output of actual loads. Based on statistical analysis of such comparison, a conclusion on whether to
accept or reject the load models can be drawn. Note that since both the load type and load scale can change over
time, a universal load model adapting to all conditions does not exist. Even if the model is valid for a certain
system condition, it may not be able to represent actual loads at a later time. Therefore, the model’s ability to
reflect system load’s behavior in unseen conditions, which is known as generalization capability, needs to be
examined as well. If multiple sets of measurements or historical data are available, model’s generalization ca-
pability could be validated based on the data recorded under different system conditions. If the load is strongly
dependent on a certain factor, such as season, weather, etc., different models can be built for different scenarios.
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For example, electric heating loads vary seasonally, so different load models can be built for different seasons.
The model or models for a load should be valid for most scenarios, but it is acceptable if these models do not
fit some situations.
Based on the verification and validation results, model calibration can be made. Calibration is defined by
AIAA as a process of adjusting parameters in the computational model for the purpose of improving the agree-
ment between model results and measurement or experiment data [18]. Reasons to reject a load model will be
discussed in Section 3, and corresponding changes can be made.
Figure 1 shows the proposed verification, validation and calibration framework. After obtaining the latest
load model, verification process is implemented. If the model is verified to be true to the conceptual model,
validation study based on field measurements is consequently implemented. If the model does not pass either
verification or validation test, the original model should be calibrated. Both V&V analysis results and field
measurements can be used to aid model calibration.
Figure 1: Load model verification, validation and calibration framework.
The key in model validation is comparison of simulated results and measurements. The following section
will present validation work based on statistical analysis.
3 Model validation based on statistical analysis
Load model validation ensures that the load model can represent the real world load. Validation is critical for
many studies, particularly voltage stability.
To examine the model’s level of accuracy, field measurements should be obtained. Measurements from load
aggregation point would be ideal for load model validation. In this way, the effects of other components’ models
on system states can be excluded. If such measurements are not available, measurements from other buses are
still proficient under the assumption that the other components in the power system, in addition to the studied
load, are modeled correctly.
The proposed validation method is based on online disturbance monitoring or ambient monitoring. Dis-
turbances such as short-circuit faults and loss of generation usually cause large voltage variations, and can be
used for dynamic model validation. Such disturbance can be either natural disturbance or man-made testing
event. The use of natural disturbance data is advantageous from a technical and economical point of view. In
addition to disturbance data, normal operation data could also be used in load modelling. First, the steady state
data can be used to validate model’s steady-state responses. Second, daily normal operation involves voltage
variations as well, and these voltage variations can be used to validate model’s dynamic characteristics. For
example, voltage variations at the load aggregation point may be caused by switching on/off capacitors that
are used to compensate reactive power, tap changer operations, etc. These voltage variations during normal
operation can also be used to validate load models.
Load model validity is confirmed if matching degree between the simulated response and the measured
response is high enough. If there are significant differences between the load’s actual behavior and the model’s
prediction, the model is considered to be invalid, and calibration is required. The degree of agreement is ob-
tained based on classical statistical methods. The eventual goal of model validation is to ensure that the model
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can reasonably predict load’s output. Therefore, it would be desirable to validate the model performance over
a wide spectrum of events, if measurements under different scenarios are available.
The validation process can be accomplished in the following steps:
– Step 1: Data collection: install measuring devices in the system (ideally at load aggregation point), and obtain
measurements of desired quantities.
– Step 2: Event identification and replication: identify suitable events and develop power flow case to represent
system conditions immediately prior to the event.
– Step 3: Model execution and result comparison: run dynamics simulation of the selected disturbance, and
compare simulated response with actual response based on statistical method.
– Step 4: Generalization capability test: if multiple sets of measurements are available, repeat validation pro-
cedure with available recordings under a range of different conditions.
Hypothesis testing based method and confidence interval based method are classical techniques to quantita-
tively validate model performance. Hypothesis testing and confidence interval estimation are related methods,
and both can be used to acquire a quantitative representation of model validity. Confidence interval provides
a numerical answer to how close the simulated output is to the actual output [19]. Therefore, statistical anal-
ysis based on confidence interval is adopted in the framework. A confidence interval is an interval of values
computed from sample data that is likely to include the unknown value of a population parameter [19]. In
the context of load model validation, the sample data is the mismatch between simulated response and the
measured response to the recorded events, and the population parameter refers to the mismatch between the
simulated response and the actual response to all conditions. For a confidence interval, the confidence level is
the probability that the computed interval will include the population parameter. Confidence level is generally
expressed as a percentage, and the most common confidence level used by researchers is 95 %. Significance
test accepts or rejects a model based on the 95 % confidence interval. Such statistical validation result will help
model users to decide model’s validity quantitatively.
Assume that in a recorded event there are 𝑁 time instants. At each time instant, an actual output value and a
simulated output value is recorded. Absolute error is adopted to measure the difference between the estimated
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The uncertainty level of the model is to be expressed by confidence interval within which the true values of the
absolute error is expected to lie with a specified level of confidence. The confidence interval can be obtained as
Confidence Interval = MSE ± Margin of Error (4)
where the margin of error (MOE) can be determined by the following equation
MOE = Critical Value × 𝜎 (5)
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In eq. (5), the critical value determines the amount of confidence we have in the result. For a 95 % confidence
interval, the critical value is 1.96, and it can be rounded off to 2. Finally, the confidence interval is calculated
based on eq. (4).
If the computational load model ideally represents the characteristics of actual load, the simulated outputs
will be the same as measured outputs, i.e. the absolute errors between the simulated and measured output
are zero. Confidence interval gives a plausible range of such difference. All values in the confidence interval
are plausible values, whereas values outside the interval are rejected as plausible values for the difference.
Therefore, if the confidence interval does not include zero, it can be concluded that the measured outputs are
significantly different from the simulated outputs. The hypothesis that the model is valid should be rejected.
If multiple sets of measurements are available, the model’s generalization capability can be examined. Gen-
eralization capability of a model is the model’s ability to reflect the load’s behavior under unseen conditions
[16]. By repeating validation process based on measurements taken under various scenarios, the model’s gen-
eralization capability can be estimated.
4 Model calibration
Based on the verification and validation results, model calibration is implemented. There are a few reasons that
could lead to rejection of a load model:
– Rejection reason I: model does not pass verification test. Errors are identified in model codes.
– Rejection reason II: assumed load model structure is not suitable.
– Rejection reason III: assumed load model parameters are not accurate, while the load model structure is
suitable.
– Rejection reason IV: wrong measurements are used, e.g., phase A voltage should have been used, but phase
B voltage is actually used.
– Rejection reason V: measurement errors are significantly large, and thus affect the validation results.
– Rejection reason VI: the model of other components in the system is wrong, which leads to erroneous simu-
lated model outputs.
– Rejection reason VII: the model is not suitable for the specified scenario.
Reason I involves with verification process. It should be examined before validation process implementation,
and mistakes in model codes should be corrected. Rejection type II and III are straightforward: inaccurate model
parameters and inappropriate model structure would almost certainly result in inaccurate responses. To cali-
brate the mode, a suitable model structure that is representative of the actual load should be selected. Non-linear
least square based optimization algorithms can be used for parameters estimation. Type IV and V rejection are
involved with measurements instead of load model. Type VI rejection is involved with external component’s
model instead of load model. Types IV-VI should be checked primarily in validation process to exclude the
impacts of external factors. Type VII rejection addresses the model’s generalization capability. It is acceptable if
the model does not work for some particular situations. If necessary, dedicated model representing a particular
situation can be built and used whenever such situation occurs. More advanced model calibration techniques
will be developed in the future research.
5 Case study
This section presents an example of applying the proposed framework for load model verification, validation
and calibration. The studied system is modeled in PSS/E, and its load model is to be verified and validated.
The event recorded and used is a single line to ground fault occurred on a bus. The fault lasts for eight
cycles before being cleared. The positive sequence voltage magnitude at a generator bus is recorded and used
for validation. The load model is type ‘CMLDARU1 which is based on the composite load model proposed by
the Western Electricity Coordinating Council.
Following the framework proposed in Section 2, model verification is implemented primarily. To verify that
the existing model faithfully represent the assumptions, the parameters of the existing model are checked, such
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as the percentage of constant torque motors, load MVA bases, load tap changer transformer’s tap adjustments,
feeder impedance, and protection settings, etc. After checking model type implemented and the parameters
used, it is confirmed that the existing model matches the users’ conceptual description.
After model verification, model validity needs to be assessed. Figure 2 depicts the recorded voltage magni-
tudes and simulated voltage magnitudes based on the existing load model. It can be observed that the voltage
sag in simulation is obviously greater that the measured value, and the simulated steady-state voltage after
fault is also significantly different. Based on the observed difference, parameters involving motor proportion,
protection setting, motor parameters, etc. are tuned. The details of model calibration are not presented in this
paper, because it is out of this paper’s scope. Figure 3 shows the comparison between the recorded voltage and
the simulated voltage based on the calibrated voltage. The simulated voltage sag and the post-fault steady-state
voltage coincide with the measurements. There are still some discrepancies between the two sets of data. The
statistics of the default model and the calibrated model are listed in Table 1. The MAE of the default model is
significantly greater than the calibrated model. The confidence interval of the default model does not include
zero, while the confidence interval of the calibrated model does. Therefore, we can conclude that the default
model is significantly different from the actual load, and we are 95 % confident that the calibrated model repre-
sents the actual load’s performance.   It is noted that when multiple records of events are available, optimization
based methods such as genetic algorithm, least squares method, etc., may be used to estimate or tune the values
of the load  parameters. If these records represent typical scenarios of concern, the optimizaton process may
enhance the generalization ability of the load model.
Figure 2: Recorded voltage and simulated voltage based on the existing load model.
Figure 3: Recorded voltage and simulated voltage based on the calibrated load model.
Table 1: Statistics of dedault model and calibrated model.
Statistics Default Model Calibrated Model
MAE 0.0273 0.0071
𝜎 0.0134 0.0118
Critical Value 1.96 1.96
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MOE 0.0263 0.0231
Confidence Interval [0.0010, 0.0536] [−0.0160, 0.0302]
6 Conclusion
A verification, validation, and calibration framework for load model is proposed in this paper. This framework
fills the gap of formal load model V&V methodology, and can be used as a guideline to help utility engineers
to examine existing load models. In the framework, the model’s validity is expressed in a quantitative way,
which complements traditional graphical inspection method. A confidence level, rather than a binary pass/fail
decision, is provided by the framework to quantitatively support the model user’s decision. The verification
and validation results can also be used to calibrate the model. Likely reasons that may result in model rejection
are discussed. Evaluation study based on field measurements are presented to demonstrate application of the
proposed methods.
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